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Bursting onto the scene? Exploring stochastic mRNA
production in bacteria
Daniel Jones and Johan Elf
Recent large-scale measurements of gene expression
variability (or noise) in E. coli have led to the unexpected
conclusion that the variability is in large part dictated by and
increasing with the mean level of expression. Here we review
the evidence for this apparent universal trend in variability, as
well as for the related idea that transcription is fundamentally
bursty. We examine recently proposed mechanisms for
burstiness and universality and argue that they do not explain
important features of observed data. Finally, we discuss
potential limitations and pitfalls in the interpretation of
experimental measurements of cell-to-cell variability.
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Transcription is the outcome of stochastic single-molecule events such as transcription factor (TF) and RNA
polymerase (RNAP) binding, open complex formation,
and promoter escape. For this reason, transcription of a
given gene even in a genetically identical population of
cells will exhibit cell-to-cell variability, or ‘noise.’ This
fact was demonstrated as early as the 1950s in the context
of the lac promoter [1]. More recently, the results of largescale studies in E. coli have argued for the existence of
universal scaling laws in expression variability: that the
amount of variability can be predicted simply by knowing
the mean expression level [2,3]. A related but independent idea is that transcription is fundamentally ‘bursty’;
that is, characterized by extended periods of inactivity
punctuated by bursts of transcription, which could under
certain assumptions lead to universal scaling in variability
[4]. In this review, we will consider the evidence for
universal scaling laws in gene expression variability, as
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well as proposed mechanisms for transcriptional bursting.
Along the way, we will discuss some of the challenges in
interpreting data from commonly used experimental
techniques in the study of transcriptional variability.

Fundamental modeling and experimental
techniques
Well before technologies existed enabling gene expression measurements with single-molecule sensitivity, theorists sought to understand how the distribution of
mRNA and protein copy numbers across a population
depends on the kinetics of mRNA production [5–7]. A
minimalistic model of stochastic mRNA production
assumes that a new molecule is transcribed with a constant probability per unit time, that is, in a Poissonian
manner, with average rate r, and similarly degraded with
rate g. The resulting distribution is a Poisson distribution
with mean and variance equal to r/g (Figure 1). It has
proven useful to characterize distributions in terms of the
‘Fano factor,’ defined as the variance divided by the
mean, which for a Poisson distribution is identically
one. The next level of modeling complexity is obtained
by allowing the promoter to stochastically switch
between ‘on’ (transcriptionally active) and ‘off’ (transcriptionally inactive) states [8–11]. This switching
increases the level of cell-to-cell variability, leading to
Fano factors greater than one. In the limiting case where
‘on’ periods are short compared to mRNA lifetimes (i.e.
mRNA are produced in ‘bursts’), mRNA copy numbers
follow a negative binomial distribution, with the number
of transcripts per burst approximately proportional to the
Fano factor (Figure 1). Despite their simplicity, these
two models have proved useful as conceptual frameworks
for analysis of experimentally measured mRNA distributions [12–14]. Analytical and computational treatments
of more complex promoters can be found in [15–19]
among others.
In the 2000s, the advent of two important techniques,
mRNA FISH and MS2 labeling, made it possible to
perform single-cell measurements of transcription with
single mRNA sensitivity. Single-cell mRNA FISH
(smFISH) enables mRNA counting by labeling mRNA
molecules with fluorescently tagged DNA probes complementary to the mRNA [20,21]. The technique is
performed in fixed cells and as such provides a
‘snapshot’ of the gene expression state across a population of cells. Kinetic parameters such as production and
degradation rates can be inferred from such snapshots,
but doing so is not without certain pitfalls, as we shall
www.sciencedirect.com
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Figure 1
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Poissonian vs. bursty mRNA production kinetics. (a) A minimalistic model of stochastic mRNA production in which mRNA are produced with
Poissonian kinetics. A representative time series of mRNA production events is depicted (middle), with each vertical line representing production
of an mRNA. Neglecting cell-to-cell variability in gene copy number and free RNAP concentration (bottom) results in a Poisson distribution across
a population of cells, as depicted in (d), dashed line. (b) As in (a), mRNA production from individual promoters is Poissonian. However, when
accounting for chromosome-replication-driven variation in gene copy number and cell-to-cell variability in RNAP concentration, the resulting
distribution is considerably broader ((d), solid line). (c) mRNA are produced according to a two-state, ‘bursty’ model, here depicted (top) as
resulting from DNA-supercoiling-dependent transcriptional silencing (although other mechanisms such as the action of TFs could also produce
transcriptionally inactive states). The resulting mRNA production events are highly unevenly distributed in time (middle). Neglecting gene copy
number and RNAP concentration variations yields a distribution practically indistinguishable from that of (b). (d) mRNA copy number distributions
resulting from the scenarios depicted in (a), (b), and (c). Parameters were chosen such that all three distributions have the same mean (14 mRNA/
cell). In (a), the mRNA production rate r = 9.3 min1, and the degradation rate g = 1/1.5 min1. In (b), the gene of interest has average copy number
1.4, RNAP concentration varies with 10% coefficient of variation, r = 6.7 min1, and g = 1/1.5 min1. In (c), mRNA are produced in geometrically
distributed bursts of average size 3.1 mRNA, with bursts occurring at rate 3.0 min1.
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see later. The second of these techniques, namely MS2
labeling, entails engineering a series of stem-loops into
the 30 end of the mRNA of interest [22]. Alternatively, a
synthetic, non-protein-encoding transcript can be used.
The stem-loops are bound by the bacteriophage coat
protein MS2 (similar systems have been used with other
stem loop-protein pairs), which can in turn be fused to a
fluorescent protein, enabling detection of transcripts as
they are produced. The advantage of this technique is
that it enables real-time observation of transcription
events, whereas the disadvantage is that transcripts are
effectively ‘immortalized’ by the presence of the stem
loops, disrupting biologically realistic degradation
kinetics.

Universal scaling in transcriptional variability

In an influential 2005 study, Golding et al. used the MS2
technique to observe production of mRNAs from a hybrid
lac/ara promoter [23,24]. Strikingly, they found that,
even in the presence of 1 mM IPTG, mRNA production
exhibited distinct periods of activity and inactivity, with
mean durations of 6 min and 37 min, respectively. Due to
the presence of the inducer IPTG, the periods of inactivity could not be attributed to the repressor TF LacI.
This observation has been generalized to the idea that
transcription is inherently ‘bursty’: that promoters enter
extended periods of inactivity which are not mediated by
molecules other than RNAP and the DNA itself [25].
This burstiness increases cell-to-cell variability relative to
Poissonian synthesis. Note that the term ‘burstiness’ has
also been used in the context of stochastic gene expression to refer to translation of multiple proteins from a
single mRNA, but in this work we restrict our attention to
mRNA production.
Subsequent studies in the early 2010s used smFISH to
perform large-scale examination of mRNA copy-distributions from a broad range of E. coli promoters under
various induction conditions [2,3]. Data from these
studies were consistent with the idea of ‘bursty’ transcription in the sense that the Fano factors of measured
distributions were ubiquitously greater than 1, indicating
broader-than-Poissonian distributions. Furthermore, So
et al. argued that the aggregate of Fano-vs-mean data
points fall along a universal curve, which is well described
by an effective two-state model in which mean gene
expression is tuned by altering the rate koff at which the
gene enters the transcriptionally inactive state. Similar
scalings have been observed in other organisms,
reviewed in [14]. They speculated that the observed
behavior may be due to changes in DNA topology or
‘regulation by broad-target DNA-binding proteins,’ possibly analogous to the silencing effect of nucleosomes in
eukaryotes. Chong et al. subsequently argued that nonTF-mediated silencing was due to the accumulation of
RNAP-induced positive supercoils in topologically constrained chromosomal domains, which impede further
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transcription until released by gyrase. This results in
periods of inactivity longer than mRNA lifetimes, and
consequently distinct cell subpopulations without
mRNA [26,27,28,29]. However, other studies have
observed mRNA distributions from highly expressed
genes which lack a subpopulation without mRNA
[3,30,31]. Sevier et al. later performed a more general
mathematical analysis of supercoiling-mediated bursting, without assuming that the timescale of supercoiling
release is longer than mRNA lifetimes, and concluded
that it could potentially yield variability-vs.-mean curves
similar to So et al. [4].
Unfortunately, a recurring challenge in attributing variability to specific causes is the fact that multiple distinct
mechanisms can lead to similar variability levels. For
instance, changes in gene copy number over the course of
the cell cycle lead to a linear increase in Fano factor as a
function of mean expression, with a coefficient depending on when in the cell cycle the gene is replicated [30]
(see also [32] for a more detailed and general treatment of
this issue). Another potentially meaningful contribution
comes from fluctuations in RNAP concentration. It is
reasonable to assume that the overall transcription rate
will be proportional to the free concentration of RNAP
molecules in the cell, and thus fluctuations in free RNAP
concentration will also lead to fluctuations in gene
expression, yielding again a linear increase in Fano factor
with mean expression [30,32,33]. These factors, often
categorized as ‘extrinsic noise’ [34,35], can create highly
non-Poissonian expression distributions even when the
underlying kinetics of mRNA production are Poissonian
(Figure 1). In fact, gene and RNAP copy number effects
alone can partially explain the universal curve of So et al.
(although in a later work variants of the PRM promoter
were observed to lie along the universal curve even after
accounting for gene copy variation [31]). In Figure 2, we
simulate a ‘toy genome’ consisting of 500 constitutively
expressed genes, with outputs uniformly distributed in
log space between 0.01 and 30 mRNA per gene copy,
randomly positioned along the chromosome, with 10%
variation in RNAP copy number. At low and very high
expression, the Fano vs. mean curve for the toy genome
roughly agrees with the universal curve, while lying
somewhat below it at intermediate expression. This
underestimation is expected since the toy model
neglects important sources of variability such as the
action of TFs or variability in cell division times. Additional factors that can lead to increased noise include
variability in the copy numbers of transcription factors
regulating a given gene, or more generally fluctuations in
upstream components of regulatory networks [36,37].
Finally, the role of measurement error has been somewhat neglected, but may be worth considering, particularly the potential ambiguity of assigning multiple
mRNAs to a single diffraction-limited spot based on
intensity.
www.sciencedirect.com
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Gene copy number and RNAP concentration variation can partially account for universal noise scaling. A toy genome of 500 constitutive
promoters was simulated, with outputs randomly distributed in log space between 0.01 and 30 mRNA per gene copy, randomly positioned along
the chromosome, with 10% variation in RNAP copy number, division time 40 min, C period 51 min, and D period 25 min, chosen to mimic the
growth conditions of So et al. [3,38]. The Fano factor of each resulting promoter is plotted vs. its expression per gene copy (blue dots; blue line
shows smoothed version). For reference, the data of So et al. are also plotted (gray crosses and black summary line). At low and high expression,
the Fano vs. mean curve for the toy genome roughly agrees with the universal curve, while lying somewhat below it at intermediate expression.

Variability from constitutive promoters:
exceptions to the (universal) rule
In summary, although large-scale experiments measuring mRNA copy number distributions across a range of
natural promoters can give a useful feeling for the noise
profiles of typical E. coli promoters, interpretation of the
results in terms of detailed molecular parameters can be
challenging. To what extent does observed variability
depend on for example, the action of TFs, gene copy
number variation, supercoiling-induced silencing, or
other factors? To address this question, Jones et al.
sought to eliminate the effects of TFs by creating a
set of 18 constitutive promoters with expression levels
ranging from 0.05 to 15 mRNA per cell [30,39]. These
promoters were derived from the lac promoter with the
LacI and CRP binding sites deleted, such that expression is expected to be unregulated. Expression levels
were modulated by changes to the 10 and 35 RNAP
binding elements. The researchers found an increasing
trend in the Fano factor with increasing gene expression, qualitatively similar to So et al. However, they also
found that a combination of cell-to-cell variability in
gene copy number, estimated RNAP copy number
www.sciencedirect.com

variation, and experimental uncertainty were sufficient
to entirely explain the observed deviation from
Fano = 1; in other words, that mRNA production from
a given constitutive promoter was Poissonian. The
largest of these three factors, namely gene copy number
variation, could be eliminated by restricting the analysis
to either newly divided or about-to-divide cells, which
always contain one or two chromosomal copies, respectively. These results seem to argue against a universal
role for supercoiling-mediated bursting, although the
locus from which expression occurred may have been
atypical in some respect (e.g. containing an unusually
high density of gyrase binding sites, or falling within an
unusually large topologically constrained loop).
In another relevant study, Wolf et al. looked at cell-to-cell
variability in gene expression from a set of promoters
evolved from random sequences to achieve varying levels
of constitutive expression via directed evolution [40].
Their data was acquired at the protein level using relative
single-cell fluorescence values from flow cytometry, and
therefore the Fano factor cannot be calculated for the
absolute mRNA copy number distribution. Nonetheless,
Current Opinion in Microbiology 2018, 45:124–130
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they found that overall the evolved promoters exhibited
significantly lower variability in terms of the coefficient of
variation than native E. coli promoters which were measured simultaneously. Both this work and that of Jones
et al. demonstrated that it is possible to construct promoters which deviate from universal noise scaling, suggesting that universal scaling stems from sequencedependent properties of biological promoters rather than
being an inevitable byproduct of transcription itself.

Dissecting variability from regulated and
biological promoters
Unraveling precisely how features of the promoter
sequence dictate cell-to-cell variation (or even mean gene
expression levels) is an unsolved problem. Jones et al.
attempted to take a step in this direction by introducing a
binding site for the repressor TF LacI immediately
downstream of the promoter for one of their constitutive
promoters [30]. This change in promoter sequence was
predicted to introduce an additional, transcriptionally
silent promoter state when bound by the repressor.
The authors placed LacI under the control of an inducible
promoter and found that the variability was consistent
with a transcriptionally active state in which mRNA were
produced as a Poisson process, and a transcriptionally
inactive state, with the fraction of time spent in the
respective states determined by LacI concentration.
However, Mitarai et al. later argued that the data could
be better explained by a model explicitly incorporating
the multiple kinetic steps of transcription initiation
(closed/open complex formation and promoter escape),
yielding another example of the difficulty of attributing
mechanisms to observed variability-vs-mean curves
[41,42].
Moving on to natural promoters, Sepúlveda et al. subsequently conducted a detailed, model-based analysis on
the maintenance of lysogeny PRM promoter of phage
lambda, regulated by the lambda repressor CI [31]. They
expressed a lacZ reporter gene from PRM and performed
smFISH against the lacZ mRNA in fixed cells, while
simultaneously measuring CI concentration in each cell
using a fluorescent antibody labeling scheme. In this way,
they obtained a readout of CI concentration and concomitant mRNA expression in single cells. To explain the
observed mRNA distributions, they constructed a model
of stochastic mRNA production in which the transition
rates between different promoter states (repressed, basal,
activated, and looped) depended on the concentration of
CI. By fitting the kinetic parameters of the model, they
concluded that the promoter switches rapidly (compared
to mRNA lifetimes) between the different states.
Included in the model was the assumption that, within
each of the promoter states, the promoter switches
between periods of activity and inactivity. Interestingly,
the fitted time between bursts was determined to be as
little as half a minute, compared with 37 min in [23] (see
Current Opinion in Microbiology 2018, 45:124–130

also [12]), suggesting that these observations may not be
attributable to a common cause.
It is also interesting to contemplate other modeling
choices which may yield equally good fits to the data.
The PRM promoter exhibits complex regulation, with a
total of six CI binding sites and the ability to adopt looped
conformations, resulting in nearly one hundred possible
promoter states. In principle, each pair of promoter states
has associated kinetic transition rates between the states,
yielding a considerable number of fit parameters (even
when disallowing unphysical transitions), and each promoter state has a unique associated rate of transcript
production. To avoid such a parameter explosion, the
authors eliminated states which occur with low probability to winnow down the set to four coarse-grained activity
states [43]. It may be, however, that explicitly considering
more promoter states without inherent burstiness would
yield a comparable quality fit to the data as coarse-grained
promoter states with burstiness.

Conclusions

Several aspects of Sepúlveda et al. provide a useful
template for detailed, model-based analysis of transcriptional variability, such as its deconvolution of gene copy
number effects, simultaneous measurement of TF and
mRNA copy numbers in single cells, and consideration of
full probability distributions rather than summary statistics such as the Fano factor. Nonetheless, there remains in
certain respects a divide between studies of simple synthetic promoters and of biological promoters. For
instance, we have seen that promoters can be constructed
to exhibit varying noise profiles, yet despite interesting
hypotheses it remains unsettled which specific features of
biological promoters cause them to fall largely along
stereotyped or universal curves.
To make progress toward this end, it may be instructive to
take a step ‘backwards’ and look at relatively simple
biological promoters which exhibit a more limited set
of transcriptional states. Yet, a recurrent theme in this
review has been the difficulty of attributing variability to
specific sources, as different mechanisms can yield similar
variability profiles; for example, different promoter architectures [44], stochastic gene expression and protein
partitioning upon cell division [45], or gene copy number
and RNAP concentration fluctuations vs bursty mRNA
production kinetics (Figure 1). Distinguishing between
these cases will require continued careful experimentation in which molecular parameters are isolated and
manipulated one at a time to observe their effect on
variability, as well as integration of information from
orthogonal sources such as measurements of protein
binding kinetics and single-molecule experiments.
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